
Model-free Estimation of Tuning Curves and Their
Attentional Modulation, Based on Sparse and Noisy Data

Markus Helmer1,2,∗, Vladislav Kozyrev3,4, Valeska Stephan4,2, Stefan Treue4,2, Theo
Geisel1,2, Demian Battaglia5,2,∗

1 Max Planck Institute for Dynamics and Self-Organization, Department
of Nonlinear Dynamics, Göttingen, Germany
2 Bernstein Center for Computational Neuroscience, Göttingen, Germany
3 Institute of Neuroinformatics, Ruhr-University Bochum, Germany,
4 Cognitive Neuroscience Laboratory, German Primate Center, Göttingen,
Germany
5 Institut de Neurosciences des Systèmes, Aix-Marseille Université,
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Abstract

Tuning curves are the functions that relate the responses of sensory neurons to various
values within one continuous stimulus dimension (such as the orientation of a bar in the
visual domain or the frequency of a tone in the auditory domain). They are commonly
determined by fitting a model e.g. a Gaussian or other bell-shaped curves to the
measured responses to a small subset of discrete stimuli in the relevant dimension.
However, as neuronal responses are irregular and experimental measurements noisy, it is
often difficult to determine reliably the appropriate model from the data. We illustrate
this general problem by fitting diverse models to representative recordings from area
MT in rhesus monkey visual cortex during multiple attentional tasks involving complex
composite stimuli. We find that all models can be well-fitted, that the best model
generally varies between neurons and that statistical comparisons between neuronal
responses across different experimental conditions are affected quantitatively and
qualitatively by specific model choices. As a robust alternative to an often arbitrary
model selection, we introduce a model-free approach, in which features of interest are
extracted directly from the measured response data without the need of fitting any
model. In our attentional datasets, we demonstrate that data-driven methods provide
descriptions of tuning curve features such as preferred stimulus direction or attentional
gain modulations which are in agreement with fit-based approaches when a good fit
exists. Furthermore, these methods naturally extend to the frequent cases of uncertain
model selection. We show that model-free approaches can identify attentional
modulation patterns, such as general alterations of the irregular shape of tuning curves,
which cannot be captured by fitting stereotyped conventional models. Finally, by
comparing datasets across different conditions, we demonstrate effects of attention that
are cell- and even stimulus-specific. Based on these proofs-of-concept, we conclude that
our data-driven methods can reliably extract relevant tuning information from neuronal
recordings, including cells whose seemingly haphazard response curves defy conventional
fitting approaches.
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Introduction 1

Tuning curves represent a sensory neuron’s response profile to a continuous stimuli 2

parameter (such as orientation, direction of motion, or spatial frequency in the visual 3

domain) and are an ubiquitous tool in neuroscience. In order to describe such 4

selectivities in simple terms, tuning curves are commonly modeled by fitting suitable 5

shape functions to the data, such as, for example, Gaussian distributions [1–4], arbitrary 6

polynomials [5] or generic Fourier series [6] for orientation and direction tuning curves, 7

or other smooth functions like splines [7] for non bell-shaped tuning profiles. 8

However, the measured tuning curve shapes are tremendously variable and they 9

often deviate from the assumed reference shape [8–11]. More than thirty years ago, De 10

Valois, Yund and Hepler already observed that no single function could adequately 11

describe the tuned response of all cells [8] they had recorded. A few years later, 12

Swindale found that several models fit his data equally well and further questioned the 13

existence of a single all-encompassing model, observing, moreover, that the preferred 14

stimulus deduced from a fitted tuning curve depended on the chosen model [9]. These 15

and other studies thus manifest that the choice of a model to fit can affect the 16

conclusions reached about tuning properties and their contextual modulations. 17

Here, we will first systematically investigate the problem of ambiguous model 18

selection, highlighting the possible consequences of the choice of a “wrong” model. We 19

will then introduce alternative methods which allow the extraction of features of interest 20

directly from the measured neuronal responses, without the need of fitting any model to 21

the empirical neuronal responses to a small subset of possible values from the 22

continuous stimulus dimension. To illustrate the applicability and the heuristic power of 23

our data-driven methods, we will carry out analyses of attentional modulation effects in 24

single unit recordings in the middle temporal visual area (MT) of four rhesus monkeys, 25

where neurons exhibit characteristic direction selective responses to moving visual 26

stimuli [12, 13]. We will consider responses to stimuli consisting of either one or two 27

random dot patterns (RDPs) in the receptive field where the two RDPs could be either 28

spatially separated or transparently superimposed. In these experimental paradigms, 29

tuning curves are expected to display either one or two peaks. The expected effects of 30

attention include gain modulations leading to changes in the amplitude of these response 31

peaks. However, due to the high number of experimental conditions and the difficulty of 32

the animal’s behavioral task, only relatively few trials could be recorded for each 33

stimulus. This limited sampling, combined with the heterogeneity of response profiles, 34

make the measured tuning curves very “noisy”. The dataset, thus, besides its intrinsic 35

interest, provides a perfect test-bed to reveal the drawbacks of fitting techniques and to 36

benchmark alternative methods. We will discuss two complementary strategies in detail. 37

First, we will parse the trial-averaged responses of single neurons to obtain, through 38

a set of algorithmic rules, a list of features characterizing the neuron’s response profile. 39

For instance, a set of rules will be used to estimate the direction of a cell’s preferred 40

stimulus, solely based on the data points themselves. Analogously, other rules will be 41

used to capture into suitable index quantities generic variations of the average response 42

profile of a cell across different experimental conditions (e.g. different types of stimuli, 43

or targets of attention). As a shared prerequisite, all these rules must be able to operate 44

by just receiving as input the set of average responses to each of the different stimuli 45

from the small set used in the experiment. Although such an approach might seem too 46

coarse compared to continuous interpolations, we will show an excellent agreement 47

between the conclusions reached by feature extraction and fitting methods, whenever 48

reliable model-based estimates can be derived. In addition, the same feature extraction 49

rules will straightforwardly generalize even to the most irregular tuning curves, for which 50

model fitting would be questionable. By the same token, the unbounded flexibility in 51

rule design will allow the extraction of ad hoc features, revealing aspects of shape and 52
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shape change which elude a parameterization in terms of conventional fitted models. 53

Second, we will make use of the full information conveyed by the stochasticity of 54

individual trials. For each neuron and for each different stimulus direction we will 55

quantify the distribution of responses across trials, and compare them across different 56

experimental conditions. This approach will show that attention frequently significantly 57

modulates the response of a cell only for specific stimulus directions rather than a 58

general modulation across the whole tuning profile. 59

Thus, through proof-of-concept analyses, we demonstrate the potential of 60

data-driven methods for harnessing the heterogeneity of tuned responses. We prove that 61

our approach robustly captures complex effects of attention, avoiding excessive reliance 62

on illustrative well-behaved cases and circumventing the narrow constraints exerted by a 63

fitting framework. 64

Results 65

The experiment: attentional influences on single-cell responses 66

to composite stimuli 67

To illustrate drawbacks with fitting approaches and test novel methodology on a 68

concrete representative example, we focused on extra-cellular recordings of single 69

neurons from area MT in the visual cortex of rhesus monkeys [14, 15]. The aim of these 70

recordings was to investigate how attention affects the tuning curves obtained by the 71

simultaneous presentation of two directions of motion within the receptive field of a 72

given neuron. 73

Neuronal responses were recorded under different conditions (Fig. 1A–E; see 74

Methods for details). In the first experimental paradigm (Fig. 1A–B), random dot 75

patterns (RDPs) moving within two spatially separated stationary apertures were used. 76

They were sized and positioned for each recorded neuron to fit within its classical 77

receptive field (RF). In a second experimental paradigm (Fig. 1C–D), both RDPs were 78

fully overlapping. This single aperture contained two sets of random dots, moving 79

transparently in two directions of motion and covered most of the RF. In all conditions 80

a fixed angular separation of 120◦ between the two RDPs was used. 81

In each of the two paradigms, attention could be directed either to a fixation spot 82

outside the recorded RF (condition “afix”), or to one of the RDPs inside the RF 83

(condition “ain”). In addition, the study included conditions in which only one of the 84

two RDPs was shown while attention was directed to the fixation spot (condition “uni”; 85

see Fig. 1E for an explanatory cartoon of a spatially separated “uni” trial). Overall, 86

data from six different experimental configurations (spatially separated afix, ain and 87

uni; transparent afix, ain and uni) were analyzed (see also Materials and Methods). 88

Based on previous studies the “uni” experiments should generate unimodal tuning 89

curves, while 120◦ separation between the spatially separated and transparent “afix” 90

and “ain” stimuli should result in bimodal tuning curves [16], with the peaks occurring 91

whenever one of the two stimulus components moved in the cell’s preferred direction. 92

Fig. 1F shows an example tuning curve from the spatially separated afix condition. 93

Responses were sampled using 12 different directions across the full 360◦ range with an 94

angular resolution of 30◦. This sampling resolution is typical, as direction-tuning curves 95

are most frequently assessed using 8 or 12 evenly spaced directions to account for the 96

constraints of a behavioral paradigm where the number of trials that can be run is 97

limited. Note that for plotting, stimulus directions were aligned for each cell such that 98

the attended directino in the 240◦ stimulus was moving in the cell’s preferred direction. 99
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“Noisy” tuning curves: not one model to rule them all 100

To model bell-shaped tuning curves, Gaussian curves are commonly used [1–4] and they 101

are usually wrapped, due to the circular nature of the fitted data [17]. This is 102

exemplified in Fig. 1F where we fitted a sum of two Gaussians (brown curve) to a 103

bimodal dataset. In this case, the fit looks adapted to the data, at least according to 104

visual inspection. However, not all the cases are equally “well-behaved”, as evinced, e.g., 105

by comparing the tuning curve of Fig. 1F with a second example in Fig. 2A. 106

Two aspects need to be emphasized. First, the coarse sampling of the response 107

profile because of the 30◦ separation between measurement points and second, the large 108

trial-by-trial response variability to a given stimulus, visualized by the error bars. 109

Indeed, the estimated coefficient of variation (i.e. the standard deviation in units of the 110

mean) has a median of 38 % for the spatially separated paradigm and of 72 % for the 111

transparent paradigm, as shown by Fig. 2B. Given this large uncertainty in the data it 112

is thus not surprising that a “well fitted” linear combination of Gaussians lies within the 113

error bars. However, within these large ranges of uncertainty, fitted curves obtained 114

from model functions other than Gaussians could be accommodated as well, and there 115

is no general a priori argument that a Gaussian model is the best suited model for such 116

tuning curves. 117

To corroborate our intuition, we fitted eight different model functions to our data, 118

testing for their compatibility with Gaussian and non-Gaussian shapes (Fig. 3). The 119

used functions were a wrapped Gaussian (brown color) [9], a wrapped Cauchy function 120

(yellow) [17], a symmetric Beta function (violet) [18], a wrapped generalized bell-shaped 121

membership function (pink) [19], a von Mises function [9, 17] (orange), and Fourier 122

series of order 2 (red), 3 (blue) and 4 (green) [6]. Details on the used models are 123

provided in the Materials and Methods section. In Fig. 3A, we show an example neuron 124

for which all tested models provided reasonably looking fits at visual inspection (in the 125

transparent attend fix condition). 126

We rigorously quantified goodness-of-fit by evaluating a score Q , giving the null 127

hypothesis probability to observe by mere chance a sum of squared errors larger than in 128

our fit. Small values of Q thus indicate poor fits (see Materials and Methods). We 129

termed a fit “good” whenever Q > 0.1 but even lower values have been considered 130

acceptable elsewhere [20]. We computed goodness-of-fit for every model type and for 131

every cell, and we assessed the fraction of cells for which each given model type 132

provided a fit deemed to be good. Fig. 3B shows that—at least according to the Q 133

Figure 1 (following page). Attentional experiments. Direction selective
responses of MT cells were measured using different direction combinations of stimuli
and different attentional conditions. The stimuli in the receptive field (RF) of the
recorded cell were either two random dot patterns (RDP) moving in directions 120◦

apart and placed in spatially separated (panels A–B) or overlapping (panels C–D)
apertures or just one single (unidirectional) RDP (panel E). A cue instructed the
monkey to attend to either: a luminance change of the fixation point (FP), in the
attend-fix condition (afix, panels A and C) and single stimulus (uni, panel E)
conditions; or to changes of the direction or velocity of the cued RDP (orange) in the
RF, in the attend-in conditions (ain, panels B and D). The transparent uni condition
was taken to be the cue-period of the ain condition (panel D). F: Example of a
“well-behaved” tuning curve from the spatially separated paradigm in the afix condition.
Gray circles denote trial-averaged firing rates and error bars their standard deviation. A
sum-of-two-gaussians fit is also shown (brown). The stimulus directions are aligned for
each cell, so that the attended direction corresponds to the preferred direction in the
uni condition at 240◦ (see Materials and Methods for details).
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measure—nearly all cells could be well fitted by every model function, in every 134

experimental condition. This statement still holds even when adopting more 135

conservative thresholds for goodness-of-fit testing. As detailed in Supporting S1 Fig, 136

even for threshold criteria as stringent as Q > 0.7, nearly all models provided good fits 137

for more than 80% of the cells in most conditions. 138

Thus, for a majority of cells, goodness-of-fit alone was not enough to select the best 139

model. We therefore adopted a model comparison approach and calculated the Akaike 140

information criterion AIC [21] for different models (see Materials and Methods). 141

Smaller AIC values indicate better reproduction of the data by the model. Differences 142

between AIC values for different models quantify how much information is lost 143

describing the data with the model with a higher AIC value compared to the model 144

with a smaller AIC value. Let, for a given cell, AICmin be the minimum AIC value 145

across all tested models. We then compute for each model m the relative information 146

loss ∆AIC(m) = AIC(m)−AICmin. Hence, for the best model ∆AIC = 0. 147

However—as a conventional rule of thumb—models with a small increase (∆AIC < 1) 148

should not be ruled out by model comparison but rather considered as equally good 149

contenders for the “best fit” [22]. 150

We show in Fig. 3C, the fraction of cells for which every tested model was evaluated 151

as the “relative best”, i.e. obtained a value of ∆AIC = 0, as well as the fraction of cells 152

in which it scored as an “equally good contender” with ∆AIC < 1. The outcome was 153

qualitatively similar across all conditions. There was not a single model which scored 154

systematically at the top for all cells, but each of the eight tested model types scored 155

∆AIC = 0 at least for a fraction of neurons. Even considering the softer criterion of 156

∆AIC < 1, none of the models appeared to be good enough to be used to fit all cells. 157

Interestingly, for all experimental paradigms, Gaussian fits only quite rarely scored as 158

the relative best (6–15 %, depending on paradigm and condition). On the contrary, 159

Fourier series fits were the more frequent winners (72–100 %, taken together Fourier 160

series of all used orders). 161

Some studies suggest that when the number of available samples is small, the 162

corrected Akaike information criterion AICc [22] (see Materials and Methods) should be 163

preferred to the AIC. This AICc penalizes models with a larger number of parameters 164

more then the AIC already does (i.e. it implements a sharper “Occam’s razor”). We 165

thus repeated the same analysis of Fig. 3C replacing the AIC with the AICc. Results 166

are presented by the Supporting S2 FigA, which also presents the full statistical 167

distributions of the observed AIC and AICc values (S2 FigB-C). It turned out that the 168

best model according to AICc was always one with few parameters: either four or five 169

in the uni condition and five in the afix and ain conditions. This indicates that models 170

with only few parameters are enough to describe our highly irregular data. While no 171

clear winner emerged in the unidirectional paradigm, the second order Fourier series fit 172

model clearly outperformed the other models in the bidirectional paradigms, due to its 173

reasonable fidelity in rendering the shapes of the measured tuning curves, combined 174

with a smaller number of parameters. 175

In summary, model comparisons show that no single model can fit all cells equally 176

well and that more than one model should be used when looking for the continuous 177

interpolation of discretely sampled noisy tuning curves. Among parametric models 178

tested (using both the AIC and the AICc criterion), Fourier series (rather than the 179

commonly used Gaussian curves) tended to be the relative best in a larger number of 180

cases. This reflects the substantial diversity of tuning curve shapes present in our 181

representative dataset, since Fourier series do not have a single shape, but can faithfully 182

render very dissimilar circularly wrapped profiles. 183
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Figure 2. Many tuning curves are not “well-behaved”. A: typical example of
tuning curve from the spatially-separated afix condition (compare with Fig. 1F). The
shape of the curve—including the position of the two peaks that should be elicited by
the composite RDP stimulus—cannot reliably be inferred due to large error bars (std.).
B: Histogram of estimated firing rate standard deviations (expressed in relative units, as
ratios between std. and a matching mean), obtained by lumping together all stimulus
directions and attentional conditions, for the spatially separated (left) and the
transparent (right) paradigms. Both these histograms are strongly right-skewed,
denoting the existence of cells with highly variable responses to certain stimuli.
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Figure 3. Many models are consistent with the data. A) Eight model
functions were fitted to an example tuning curve (gray error bars denote std.) from the
transparent afix condition. Due to the tuning curve’s large error bars all models
provided good fits even though they clearly differ. B) According to a goodness-of-fit
score (see main text) all eight models provided good fits for almost all cells, independent
of experimental condition and paradigm. C) The Akaike Information Criterion AIC was
thus employed to select the best (∆AIC=0) or at least close to best (∆AIC≤ 1) model
for each cell. The fraction of cells for which each model constitutes the respective best
or almost best model is illustrated with full and light bars. No model was chosen for all
cells, still the most widely selected model was the fourth order Fourier series (F4). Both
of these facts mirror the high heterogeneity in the data that is hard to capture in a
single tuning curve shape. Color code red: 2nd order Fourier (F2); blue: 3rd order
Fourier (F3); green: 4th order Fourier (F4); violet: symmetric Beta (sβ); orange - von
Mises (vM); yellow: wrapped Cauchy (wC); brown: wrapped Gaussian (wG); pink:
wrapped generalized bell-shaped membership function (wB).
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Intermezzo: how to compare the shapes of different parametric 184

fits 185

When fitting a model to data-points (X,Y) (such as a Gaussian profile 186

Y(X, a, b, c, d) = a exp(−.5(X− c)2/b2) + d ), the set of the parameters of the model 187

(a, b, c, d in this case) form a vector of descriptors of the shape of the relation linking X 188

and Y. In the case of the Gaussian, indeed, the parameter a represents the peak 189

amplitude, b the peak width, c the x-position of the peak amplitude and d the baseline 190

level. For this reason, the shape of tuning curves and its alterations have often been 191

analyzed in terms of the values of the parameters of a fitted model [3, 23]. However 192

comparisons between fitted parameters are feasible only if a same underlying parametric 193

model is used to fit tuning curves for all cells and in all experimental conditions. We 194

have seen, on the contrary, that selecting a unique all-encompassing model to describe 195

tuning might not be the best choice. Furthermore, fitted parameters do not have a 196

direct geometric interpretation for every model. For instance, for Fourier series models, 197

small changes of the internal parameters can lead to large changes in the resulting shape. 198

In order to compare between tuning curve shapes generated by different models in 199

an intuitive way, we introduced generalized descriptive features that do not correspond 200

to model parameters, but are extracted directly from the fitted curves through 201

appropriate algorithmic rules (Fig. 4A). 202

The first step for the extraction of descriptive features is to select a certain number 203

of points sampled along a fitted tuning curve profile and to note their coordinates 204

(X,Y). Since the fitted profile is continuous, the number of selected points can be made 205

arbitrarily large (unlike the number of actual measured data-points), but it is important 206

to stress that the feature extraction approach that we introduce here always operates on 207

a discrete set of points (a fact that will later allow us to apply it directly to the 208

data-points themselves). 209

The second step is to apply the desired feature extraction rule to the sampled points. 210

Consider, for example, a unimodal tuning curve, for which we could extract a feature 211

GlobalMaximum, by finding the maximum Y coordinate among the points sampled 212

along the profile. Analogously, we could introduce a feature MaximumAngle, 213

corresponding to the preferred direction, by finding the X coordinate of the point whose 214

Y coordinate corresponds to the feature GlobalMaximum. These and other features 215

can easily be generalized to the case of bimodal tuning curves (cf. Fig. 4B). In this case 216

the evaluation rules would be modified to limit the search just to the right (left) half of 217

the sampled points to identify peak positions and amplitude of the right (left) peak 218

respectively. Note that these features are based on points sampled along the fitted 219

profiles, rather than on the parameters of these fitted profiles, which they reflect 220

therefore only in a highly indirect manner. 221

Describing the extraction of a peak amplitude and position as a feature extraction 222

procedure could be seen as a (generally non-linear) projection method [24] through 223

which a continuous—or, at least, finely discretized—tuning curve shape is converted 224

into a vector with a much smaller finite number of entries. This might seem 225

unnecessarily complex, however there are several good reasons for doing so. 226

First, computed features may but do not need to mirror classic model parameters. 227

For example, while the feature MaximumAngle would be equivalent to the parameter 228

c in the case of a Gaussian fit, Fourier series don’t have any parameter directly 229

reflecting peak position. More generally, all kind of convenient features can be designed, 230

independent of the underlying model and tailored to describe specific shape aspects, 231

such as, e.g., in a bimodal tuning curve, the position InnerMinimumAngle of the 232

location of the lowest response between the two maxima —not necessarily centered 233

between the two peaks— or the shape of the peak themselves whose OuterWidth and 234

InnerWidth could differ, indicative of skewness or asymmetries. Table 1 gives a list of 235
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selected features, Supporting Tables S1-S4 provide the full list of features that we used 236

as well as the detailed algorithm by which they were computed. 237

Table 1. Selected features for the description of tuning curve shape. The complete list of features that we used as
well as the algorithm for their computation can be found in Supporting Tables S1-S4

Feature name Description
GlobalMinimum [Hz] lowest firing rate of all samples
GlobalMaximum [Hz] highest firing rate of all samples
Maximumleft,right [Hz] highest firing rate in left, right peak
PeakToPeakleft,right [Hz] Maximumleft,right - GlobalMinimum
InnerMinimum [Hz] minimum firing rate occuring at an angle between the left and right peak
InnerMinimumAngle [◦] stimulus angle at which firing rate is InnerMinimum
OuterMinimumAngle [◦] minimum firing rate right of right peak and left of left peak
GlobalMinimumAngle [◦] stimulus angle at which firing rate is GlobalMinimum
MaximumAngleleft,right [◦] angle of left, right peak at which firing rate assumes the value Maximumleft,right

InnerWidthleft,right [◦] InnerMinimumAngle - MaximumAngleleft

MaximumAngleright - InnerMinimumAngle
∆InnerWidth [◦] InnerWidthright - InnerWidthleft [◦]
OuterWidthleft,right [◦] MaximumAngleleft - OuterMinimumAngle,

OuterMinimumAngle - MaximumAngleright

∆OuterWidth [◦] OuterWidthright - OuterWidthleft

Bandwidthleft,right
X% [◦] distance between left, right peak’s angles at which baseline-subtracted

firing rate drops below X % of PeakToPeakleft,right

Skewnessright skewness of right peak
minusSkewnessleft negative of skewness of left peak
∆Skewness Skewnessright - minusSkewnessleft

CircularVariance circular variance of tuning

Second, as features are detached from the model itself, they allow a straightforward 238

comparison of aspects of the tuning curves between parametrically incompatible models, 239

which was a central aim in our study. 240

Third, as already anticipated, feature extraction rules can be applied directly—or 241

with only minor modifications—to the observed data points themselves (Fig. 4C), 242

without need of previously interpolating any continuous model curve. We will apply this 243

direct approach, after completing our discussion of drawbacks inherent to model 244

selection, by using feature extraction as a tool for comparing different fits. 245

Different models can lead to different quantitative and 246

qualitative results 247

As indicated above, Fig. 3A shows an example for which all eight model functions could 248

be reasonably well fitted to the measured neuronal data. We parsed these eight fitted 249

curves based on a common set of feature extraction rules (see Tables 1 and S1-S4). We 250

then compared the extracted shape features between the models. In Fig. 3A the 251

position of the right and left peak and the inter-peak minimum are highlighted, 252

respectively, by circle, diamond and square symbols. Across the model fits the positions 253

of the left peak differed by up to 35◦ (10 % of 360◦) and the corresponding firing rates 254

by up to 2 Hz (15 % of the maximum trial-averaged firing rate for the afix condition in 255

this cell); the position of the inter-peak minimum varied by 90◦ (25 %), their firing rates 256

by 5 Hz (31 %); the positions of the right peak by 64◦ (18 %), their firing rates by 5 Hz 257

(35 %). The example neuron of Fig. 3A thus shows substantial differences between the 258

shape features inferred when applying different models. 259
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algorithmically extracted features of the sampled tc
...

[...]
FEATURE MaximumAngleright

  TAKE ALL TUNINGCURVE SAMPLES BETWEEN 
    InnerMinimumAngle AND 315°
  FIND MAXIMUM FIRING RATE IN SAMPLES
  RETURN ANGLE AT WHICH MAXIMUM OCCURS
FEATURE InnerWidthright

  RETURN MaximumAngleright-InnerMinimunAngle
FEATURE ΔInnerWidth
  RETURN InnerWidthright-InnerWidthleft

[...]

Figure 4. Alternative to fitting: algorithmic features. A) We describe all
tuning curve properties of interest by algorithmically extracted features, as opposed to
model parameters. The panel gives pseudocode for three selected features, illustrated
also in panels B,C in corresponding colors. B) Feature extraction algorithms take as
input only the sampled fitted tuning curve. Features are thus defined independent of a
model function, allowing for their comparison between models. Furthermore, all aspects
of tuning curves can be described by suitably chosen features such as Maximumleft

(dark red), InnerMinimum (orange), Maximumright (blue), (occuring at positions
MaximumAngleleft, InnerMinimumAngle and MaximumAngleright, respectively),
InnerWidthleft (pink), InnerWidthright (green). C) Due to their algorithmic nature
feature extraction rules can equally well be applied directly to the coarse measured
trial-averaged tuning curve. Thereby, tuning curve properties can be described and
analyzed without referring to the fit.
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These differences at the level of a single cell generalized to a large fraction of cells in 260

the dataset, creating significant differences between models at the population level. For 261

each of the eight models we computed the distributions of the values of different 262

features across cells. In addition we extracted features from a ninth model, denoted the 263

best model (bM). In this bM case, we selected the best among the eight tested fits, as 264

indicated by the ∆AIC = 0 criterion on a cell-by-cell basis, and for each cell we 265

extracted features out of its specific best fit. Comparisons among the eight models and 266

the ninth bM model are shown in Fig. 5A for nine selected features. In these nine 267

matrices, a red entry indicates that the statistical comparison between the median 268

values of the extracted features are significantly different between the two corresponding 269

models (Kruskal-Wallis test, p < 0.05), while a blue entry denotes an agreement 270

between the two models. Entries below and above the diagonal refer to feature 271

comparisons for the spatially separated and the transparent paradigms, respectively. 272

For some features, the median value did not change significantly for most model 273

comparisons (for example the global minimum—GlobalMinimum—in all conditions of 274

the spatially separated paradigm). For other features, there were marked differences 275

between Fourier series and bM on the one hand, and the remaining models on the other 276

hand (for example the circular variance, CircularVariance in the uni condition; but 277

also the feature GlobalMinimum for the transparent paradigm). For yet other 278

features, almost every model yielded different results (for example: the differences 279

between the skewnesses, ∆Skewness, of the left and right peak in afix and ain; the 280

75 %-bandwidth of the left peak, Bandwidthleft
75%, in afix; and the 75 %-bandwidth in 281

the uni condition Bandwidth75%). Importantly, in many cases there was a difference 282

between bM and some of the other models. 283

Altogether, Fig. 5A demonstrates that the choice of model instead of another makes 284

a difference, since it may lead to quantitative changes in the evaluated features. 285

However, it would be even more severe if these quantitative changes in the evaluation of 286

specific features led to divergent qualitative conclusions on the comparison between 287

experimental conditions. For instance, when studying attentional modulation effects, it 288

is important to compare tuning curve peak amplitudes among, e.g. an afix and an ain 289

condition. Say, for illustration, that we estimate in the afix condition, a median 290

Maximum feature value of 30 Hz based on fits with the i-th model function, and a 291

different median value of 40 Hz based on fits with the j-th model function. Let’s 292

suppose that the median values for the i-th and j-th model in the ain condition read 42 293

and 45 Hz, respectively. Besides quantitative differences, it might happen that based on 294

the i-th model we conclude that attention has led to a significant increase of the 295

Maximum feature, but that this same comparison between the afix and ain conditions 296

is not significant based on the j-th model. Thus, we would reach different conclusions 297

on the effects of attention, depending on the chosen model. To check systematically for 298

qualitative deviations in inter-condition comparisons, we performed comparisons 299

between a large number of relevant feature pairs estimated from the nine different 300

models (the eight tested model fit functions, supplemented by the bM model). We 301

analyzed inter-model consistency for three different categories of comparisons: a feature 302

from the spatially separate paradigm and the same feature from the transparent 303

paradigm (this is possible for all defined features); a same feature taken from two 304

conditions, e.g. uni vs afix, or afix vs ain (viable whenever the feature is defined for 305

both conditions); or, two comparable features from a same condition (a list is given in 306

supplementary table S5), e. g. Maximumleft vs Maximumright for the peak firing rates 307

of the two peaks of a bidirectional condition. For each tested feature pair we counted 308

the number of fitted models for which the comparison was significant. 309

The histogram of these counts is reported, for different categories of feature pairs, in 310

Fig. 5B. All histograms display a marked bimodal structure with two modes at the zero 311
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and nine counts values. These modes correspond, respectively, to the cases of complete 312

agreement between models, i.e of a comparison which is never or always significant. 313

Since both these two cases were the most frequent, there was a robust tendency toward 314

a qualitative agreement between the conclusions of different models. Crucially though, 315

the gap between the two modes of these histograms was not empty, but there were 316

frequent cases in which the significance of comparisons between two features in a pair 317

depended on the adopted model. Thus, for all these feature pairs, the choice of a 318

specific model for fitting tuning curves would have led to qualitatively divergent 319

conclusions about the effects of attention. In particular, the reached conclusion might 320

differ from the one drawn from the bM model, the one which was constructed as 321

optimal on a cell-by-cell basis. 322

This makes it advisable to always fit tuning curves based on a bM mixture of models. 323

However, the bM approach is particularly cumbersome to calculate. Furthermore, it is 324

ill-defined. Indeed, given the high heterogeneity in the data, it is plausible that adding 325

even more models to the list of candidates among which to perform the bM choice would 326

lead to further qualitative differences. It seems therefore necessary to devise alternative 327

strategies which completely avoid the questionable step of model selection itself. 328

Feature extraction revisited: the direct method 329

Rather than relying on the extraction of tuning parameters from fitted data as 330

illustrated above, rules for feature extraction can be generalized to operate on the 331

experimental data points themselves. The main difference between a fitted profile and 332

the empirical data points is a coarse angular resolution of experimental measurements 333

that might potentially lead to a loss of precision of the extracted feature values. 334

However, this is a quantitative, not a qualitative difference, that does not prevent the 335

application of the rule, as illustrated by Fig. 4C. We therefore extracted 336

shape-describing features directly from the data for all cells in all experimental 337

conditions and compared them with matching features estimated from different 338

model-based fits. 339

Fig. 6 depicts the results of this comparison and Table 2 reports selected feature 340

values obtained from the direct method and the corresponding values from the bM 341

model (see Tables S6-S7 for a comprehensive list). We first focus on qualitative 342

differences between the direct and the model-based approaches (Fig. 6A), before delving 343

into quantitative differences (Fig. 6B). Fig. 6A follows an approach similar to Fig. 5B, 344

however we now built distinct histograms for feature pairs which are significantly 345

different based on the direct method (blue histogram) and feature pairs which are not 346

significantly different based on the direct method (green histogram). As in Fig. 5B, we 347

counted the number of fitted models with significant with feature differences. The blue 348

(green) histograms—peaking at the maximum (minimum) model value count—indicate 349

that when the direct method found a feature comparison to be significant (not 350

significant), the most frequent case was that all nine (none of the) tested models also 351

reached the same conclusion. Concomitantly, the left (right) tails of these histograms 352

fell off quickly. 353

Beyond the qualitative agreement, we also checked for quantitative agreements 354

between features extracted by the direct and the model-based methods. We computed 355

for each model i and for each feature F a z-score variable 356

zi(F ) = (mean(F )i −mean(F )direct) / std(F )direct. The distributions of these z-scores 357

over all the different features, for each different model function are plotted in Fig. 6B. 358

For different experimental conditions and for all the model functions, the z-score 359

distributions are centered on zero, indicating quantitative agreement between the direct 360

and model-based methods. For the spatially separated paradigm all models gave results 361

particularly close to the “direct” method (the difference was smaller than one standard 362
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Figure 5. Effects found in the data depend on model. A) Nine features,
measuring aspects of firing rate (first column), width (second column) and global shape
(third column) in all three conditions were calculated for each cell on the basis of eight
fitted models (model abbreviations are as in Fig. 3) and the “best model” (according to
the ∆AIC=0 criterion, see main text; abbreviated “bM”). Red (blue) indicates a
statistically significant (not sig.) difference between two models’ values of that feature.
Results from the spatially separated and transparent paradigm are plotted below and
above the diagonal, respectively. The panels indicate that, in general, models disagree
on the value of a feature, and, in particular, might contradict the optimal (bM) model.
B) Histograms count for all feature pairs (depending on their category “sp.sep vs
trans”, “sp.sep vs sp.sep” or “trans vs trans”) the number of model functions that find
a significant difference (“effect”) between the pair. While mostly all models agree
(counts 0 and 9) there are also numerous cases in which the presence of an effect
depends on the chosen model.
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Table 2. Median values and significant differences for selected features. Numbers (numbers in parentheses)
denote the median value over the population of cells from the corresponding paradigm and condition, calculated with the
direct method (best model “bM”). Significant differences between conditions or paradigms (abbreviated here as “sp” and
“tr”) are summarized (if present) in the line below the medians. <,�,≪ denotes a p-value < 0.05, 0.01, 0.001, respectively, of
a Kruskal-Wallis test applied to the feature values of the direct method. The condition listed before the relation sign had a
smaller median than the one after it (if the medians were identical, means were compared). “NA” denotes features that were
not defined for the corresponding condition.

spatially separated transparent
Feature uni afix ain uni afix ain
GlobalMinimum 4.50 (4.14) 7.14 (6.78) 7.71 (8.09) 1.96 (1.86) 2.00 (1.53) 1.93 (1.44)

sp uni < sp afix, sp uni ≪ sp ain; tr uni � sp uni, tr afix ≪ sp afix, tr ain ≪ sp ain
GlobalMaximum 31.00 (30.62) 34.50 (35.15) 38.50 (37.87) 14.19 (15.01) 14.00 (12.94) 15.75 (15.93)

sp uni < sp ain; tr uni ≪ sp uni, tr afix ≪ sp afix, tr ain ≪ sp ain
Maximumleft NA (NA) 29.50 (27.77) 27.11 (27.89) NA (NA) 11.00 (10.37) 12.22 (11.84)

tr afix ≪ sp afix, tr ain ≪ sp ain
Maximumright 31.00 (30.62) 29.60 (30.34) 36.29 (35.76) 14.19 (15.01) 12.00 (11.57) 13.50 (12.80)

tr uni ≪ sp uni, tr afix ≪ sp afix, tr ain ≪ sp ain
PeakToPeakleft NA (NA) 21.00 (20.89) 17.14 (16.69) NA (NA) 9.08 (9.12) 10.00 (10.06)

tr afix ≪ sp afix, tr ain ≪ sp ain
PeakToPeakright 25.50 (24.52) 22.90 (23.58) 26.60 (25.40) 11.50 (11.09) 9.50 (8.70) 10.00 (9.96)

tr uni ≪ sp uni, tr afix ≪ sp afix, tr ain ≪ sp ain
InnerMinimum NA (NA) 16.00 (15.29) 18.80 (17.35) NA (NA) 4.00 (4.12) 5.00 (3.68)

tr afix ≪ sp afix, tr ain ≪ sp ain
InnerMinimumAngle NA (NA) 180.00 (174.00) 150.00 (165.50) NA (NA) 180.00 (180.60) 180.00 (188.35)
GlobalMinimumAngle 60.00 (67.30) 0.00 (12.80) 0.00 (18.10) 60.00 (52.10) 30.00 (26.40) 30.00 (21.10)

sp afix ≪ sp uni, sp ain ≪ sp uni; tr afix < tr uni, tr ain � tr uni; sp afix < tr afix
MaximumAngleleft NA (NA) 120.00 (115.80) 120.00 (120.10) NA (NA) 120.00 (113.70) 120.00 (117.15)
MaximumAngleright 240.00 (241.20) 240.00 (240.20) 240.00 (242.50) 240.00 (244.35) 240.00 (247.50) 240.00 (247.10)

sp uni < sp ain; tr uni � tr ain; sp uni ≪ tr uni
∆InnerWidth NA (NA) 0.00 (8.70) 30.00 (23.80) NA (NA) 0.00 (7.00) 0.00 (3.45)

sp afix � sp ain; tr ain � sp ain
∆OuterWidth NA (NA) 30.00 (32.60) 0.00 (21.30) NA (NA) 0.00 (2.10) 0.00 (4.65)
Bandwidthleft

75% NA (NA) 90.00 (53.10) 60.00 (50.50) NA (NA) 60.00 (47.90) 60.00 (48.55)
sp ain < sp afix;

Bandwidthright
75% 90.00 (61.60) 90.00 (54.80) 90.00 (70.20) 90.00 (60.90) 60.00 (50.00) 60.00 (50.40)

sp afix < sp uni, sp afix � sp ain; tr afix < tr uni;
tr uni < sp uni, tr afix < sp afix, tr ain ≪ sp ain

∆Skewness NA (NA) 0.11 (-0.09) -0.13 (-0.36) NA (NA) 0.58 (-0.10) 0.42 (0.00)
sp ain < sp afix; sp afix � tr afix, sp ain ≪ tr ain

CircularVariance 0.46 (0.47) NA (NA) NA (NA) 0.62 (0.59) NA (NA) NA (NA)
sp uni ≪ tr uni
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deviation in almost all cases, i. e. z lay between -1 and 1, for at least 95 % of the 363

extracted features). A relatively weaker quantitative agreement was observed for the 364

transparent paradigm. For this paradigm, the Fourier series and the von Mises models 365

gave the best agreement to the direct method. However, even in the case of the 366

wrapped Cauchy model, which gave the worst agreement with the direct method, 88 % 367

of the features had z-scores between -1 and 1. 368

In conclusion, we observed a qualitative and quantitative agreement between the 369

direct method and the tested models. But note that the direct method makes less 370

assumptions on the expected shape of tuning curves and does not conceal their 371

heterogeneity. 372

The direct method in action: Tuning curve modulations 373

After focusing on methodological aspects, we will now turn to the effects of different 374

experimental paradigms, attentional conditions, and number of stimuli on the tuning. 375

We will concentrate on a narrow selection of significant feature variations 376

(Kruskal-Wallist test with p < 0.05) revealed by the direct method, performing 377

comparisons between conditions both within the same experimental paradigm and 378

between different paradigms (Table 2 and Fig. 7). Supporting Tables S8-S9 provide 379

then a complete list of significantly different feature pairs evaluated with the direct 380

method and the best model. 381

First, we evaluated tuning curves when one or two unattended stimuli were present 382

in the receptive field, i. e. in the afix and uni conditions where attention was directed 383

outside the receptive field (RF). 384

For the spatially separated paradigm, the peaks in the afix condition were smaller 385

than in the uni condition. We monitored peak elevation over the baseline using the ad 386

hoc engineered features PeakToPeakright and normalizedPeakToPeakright
387

(analogous results hold for the left peak). These features quantify for each cell the 388

variation between the right peak’s maximum and the response’s global minimum, which 389

is normalized for the latter feature by the maximum firing rate in the uni condition 390

(which is aligned, by convention, such that its peak overlaps the right peak in the afix 391

condition). This normalizedPeakToPeakright feature decreased from 0.86 in the uni 392

condition to 0.68 in the bidirectional stimulus afix condition (we report, here and in the 393

following, sample median values). The same trend also held in the transparent 394

condition, where normalizedPeakToPeakright decreased from 0.84 to 0.55, when 395

superposing a second stimulus within the RF. 396

As detailed in the Methods section, in the spatially separate paradigm the uni 397

condition was measured with attention directed to the fixation spot, whereas in the 398

transparent case it was taken to be the cue-period of the ain condition, that is, attention 399

was directed to the stimulus during the measurement. Accordingly, features regarding 400

uni conditions cannot be compared between the two paradigms. Please note that this is 401

due to the experimental design and does not limit the applicability of the method. 402

No significant differences were found between the amplitudes of the two peaks 403

present in the afix condition, within both the spatially separated and the transparent 404

paradigms, as monitored by the features Maximumleft and Maximumright. 405

We then evaluated the effects on tuning curves when deploying attention into the 406

RF, i.e. in the ain condition. 407

We first monitored the emergence of amplitude differences between the two peaks of 408

the tuning curve, computing, for instance, the feature ∆PeakToPeak, i.e. the 409

difference between PeakToPeakright and PeakToPeakleft. In the spatially separated 410

paradigm, there was a significant increase of the amplitude difference between the 411

attended and unattended peaks, with ∆PeakToPeak rising from 4 Hz in the afix up to 412

9 Hz in the ain condition, as a combined effect of a decrease of the left peak 413
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Figure 6. Direct method yields very similar results as fits. A) Layout is
similar to figure 5B. Each bar from there was split into two, depending on if a
considered feature pair was judged significantly different (blue) or not (green) when
evaluated with the direct method. The panel illustrates a strong tendency to find a
significant effect with either both the direct method and all nine models, or with neither
the direct method and none of the models. B) z-scored quantitative differences between
direct and fitted method’s feature values is less than one standard deviation for almost
all features independent of the model indicating a considerable quantitative agreement
between the methods. Solid lines in violines mark 2.5 %, 50 % and 97.5 % quantiles.
Color code and model abbreviations are as in Figs. 3 and 5
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(normalizedPeakToPeak changes from 0.6 to 0.5) and an increase of the right peak 414

(from 0.68 to 0.76). In contrast, in the transparent paradigm, both peaks increased as 415

an effect of attention (median normalizedPeakToPeak changed from 0.51 to 0.64 416

and from 0.55 to 0.70, for the left and right peaks, respectively). The different effect of 417

attention on peak amplitudes in the spatially separate and transparent paradigms is 418

also illustrated by scatter plots of the normalizedPeakToPeak in the ain vs the afix 419

condition (Figs. 7A-B), where the cloud of points lies slightly below the diagonal for the 420

unattended (left) peak in the spatially separated paradigm and slightly above it for the 421

attended (right) peak in the spatially separated paradigm and for both peaks in the 422

transparent paradigm. 423

Besides analyses of the amplitude and width of tuning curve peaks, the feature 424

extraction approach allows the investigation of more general alterations in the response 425

profile. The general shape of the attended peak differed between the spatially separate 426

and the transparent paradigms. In particular the right peak was flatter (more 427

platykurtic) in the spatially separate than in the transparent paradigm, as revealed by 428

the median values of the feature Bandwidthright
75% (see Table 1 for its definition), 429

respectively, of 90◦ versus 60◦. A usually unreported effect of attention is illustrated in 430

Fig. 7C, where we analyze variations of the InnerWidth features, i.e. the (absolute 431

values of the) angular distance between each peak and the minimum between the peaks. 432

Usually similar for both peaks in the afix condition, differences between the 433

InnerWidth feature for the attended and the unattended peaks may signal interaction 434

phenomena, such as, e.g., a tendency for the attended peak to re-absorb the unattended 435

peak. For the spatially separated paradigm, the difference between the left and right 436

InnerWidth, given by the compound feature ∆InnerWidth, increased significantly 437

from 0◦ to 30◦. On the contrary, no significant change was observed for the transparent 438

paradigm. Note that the values of ∆InnerWidth are discretely quantized due to the 439

coarse angular resolution of our measurements and the lack of interpolation in the direct 440

method. 441

Conversely, the firing rate at the minimum between the peaks, monitored by the ad 442

hoc feature normalizedInnerMinimum, increased significantly from 0.32 to 0.41, only 443

for the transparent paradigm. For the spatially separated paradigm a trend in the same 444

direction was also present, but was not significant. 445

Together these effects denote different shape alteration typologies for the two 446

paradigms, which represent an asymmetric expansion of the attended at the expense of 447

the unattended peak in the spatially separated paradigm and a symmetric, growth of 448

both peaks for the transparent paradigm, increasing responses in the inter-peak dip. 449

In conclusion, the composition of multiple stimuli and the attentional state affected 450

general global aspects of tuning curves, inducing characteristic and significant patterns 451

of changes. The direct method allowed to isolate known effects of attention without 452

need to resorting to any fit, and identified different patterns of attentional modulation 453

for the two tested experimental paradigms. It also cast light on usually neglected 454

aspects of tuning curve shapes such as peak asymmetries, which experimental condition 455

and attention can also modulate, besides the most commonly studied effects on peak 456

amplitude and width. 457

Cell- and stimulus-specific aspects of attentional modulation 458

So far, the analyses have been based on responses averaged across all trials available for 459

a given stimulus. While such an approach is very common, it is a simplification. Indeed, 460

neuronal responses fluctuate strongly from trial to trial, which may be functionally 461

relevant [25–28]. We therefore compared the distributions of responses across different 462

attentional conditions, in a cell-by-cell and stimulus angle-by-stimulus angle fashion. 463
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Figure 7. Effects of attention on tuning curves. Scatter plots of various features
in the afix versus the ain condition. Orange error ellipses are centered on the mean
feature values with half-axes corresponding to eigenvalues and -vectors of the
feature-pair’s covariance matrix. Some outliers were omitted for better visualization.
The indicated p-value in each panel corresponds to a Kruskal-Wallis test. A) Attention
decreased (increased) the left peak—as measured by the feature
normalizedPeakToPeakleft—in the spatially separated (transparent) paradigm. B)
Attention increased the right peak in both paradigms according to the feature
normalizedPeakToPeakright. C) Attention significantly increased the difference
between left and right peak’s inner width—∆InnerWidth—only for the spatially
separated paradigm. Size of circles in panel C illustrates density of points at each
particular coordinate (note that values of ∆InnerWidth from the direct method are
quantized in steps of 30◦due to the design of experimentally used stimuli). Altogether
panels indicate that attention asymetrically expanded the right at the expense of the
left peak for the spatially separated paradigm, but increased both peaks similarly for
the transparent paradigm.
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The cartoon in Fig. 8A illustrates this approach for a single cell. In the plot, each 464

dots corresponds to the response of the cell in a given trial. The two experimental 465

conditions (e.g., afix vs ain in the spatially separated paradigm) are represented in 466

different colors. Comparing responses between any two conditions for matching stimuli, 467

the large trial-to-trial variability stands out, as evident by scanning vertically the clouds 468

of colored dots for any given fixed position on the horizontal axis (stimulus 469

configurations). Accordingly, for some stimuli, the trial ensembles of responses may be 470

significantly different between the two conditions (for example, in the cartoon of Fig. 471

8A, at the 60◦ stimulus), while for other stimulus configurations, the trial ensembles will 472

not (for example at the 240◦ stimulus, in the cartoon). 473

For each given cell we identified subsets of stimulus directions for which attention 474

caused a significant response modulation (p < 0.05, two-sample Kolmogorov-Smirnov 475

test). We found that these stimulus subsets were highly cell-specific, with different cells 476

exhibiting robustly significant attentional modulations at different angles, not 477

necessarily concentrated in proximity of a specific attended direction, but scattered for 478

each cell over the entire range of possible stimuli (see Supporting Fig. S4 FigA). 479

Correspondingly, we will refer to these stimulus-resolved significant differences, assessed 480

at the single cell level as specific effects. While the statistical power of this analysis at 481

the single cell level was limited by the small number of trials (see Supporting Fig. S4 482

FigB), the population level showed narrow stimulus ranges for which the fraction of 483

significant specific effects were larger. 484

Despite the irregularity and large inter-cell variability of the significance patterns of 485

specific effects, some weak overlap at the population level could still be identified, 486

identifying narrow stimulus ranges for which the fraction of cells manifesting a 487

significant specific effect were larger. Fig. 8B,C and D show how the response profile of 488

a cell was altered when adding a second stimulus component within its RF, i.e. when 489

going from a uni to an afix condition. The green histograms in Fig. 8B show the 490

frequency distribution of the number of stimuli with significant changes, for the 491

spatially separated and the transparent paradigm. In the spatially separated paradigm, 492

29 % of cells showed significant changes for four or more stimulus directions and 16 % of 493

the cells did not show significant specific effects at any angle. The corresponding 494

numbers in the transparent paradigm are 25 % and 23 %, respectively. This means that, 495

for around a fifth of all cells, the entire tuning curves for the uni and afix conditions 496

where statistically indistinguishable. 497

The cells for which the addition of the second stimulus caused no significant 498

response modulation tended to be poorly tuned already in the uni condition (see 499

Supporting Figs. S3 FigA,B). On the other hand, some cells with equally poor tuning in 500

the uni condition nevertheless displayed significant modulations of their firing rate when 501

adding the second stimulus component. 502

Fig. 8B,E and F show cell- and stimulus-specific effects of attention, by comparing 503

the afix and the ain conditions. The pink histograms in Fig 8B show the results of such 504

a comparison for the spatially separated and the transparent paradigms. 7 % of the cells 505

in the spatially separated paradigm and 10 % in the transparent paradigm showed 506

significant specific effects of attentional modulation in four or more stimulus directions. 507

The majority of cells in the spatially separated paradigm (60 %) and 50 % of the cells in 508

the transparent paradigm showed a significant specific effect of attention for at least one 509

stimulus. Note that most cells for both paradigms showed a clear tuning profile. Only 510

23 % (36 %) of the cells lacking any significant attentional modulation for the 511

spatially-separated (transparent) paradigm were among the cells irresponsive to a 512

second stimulus (Supporting S3 FigC,D). 513

Figs. 8C-F also show the stimulus directions for which significant specific effects of 514

the addition of a stimulus component or of the allocation of attention were more 515
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frequently observed. The blue bars indicate the fraction of cells without a significant 516

response modulation for a given direction, while the green and pink bars indicate 517

significant increases and decreases of responses, respectively. Not surprisingly, the most 518

frequent significant response enhancement occurred for the direction bins around 90◦ in 519

the spatially separate uni vs afix comparison, corresponding to the cases where the 520

preferred or a similar direction was added to a single stimulus moving about 120◦ away 521

from the preferred direction. 522

For significant attentional modulations between the afix and ain conditions response 523

increases were more frequent than response decreases at all stimulus directions, except 524

90◦ and 120◦ in the spatially separate paradigm (where response decreases were more 525

frequent) and 60◦ in the transparent paradigm (where response increases and decreases 526

were equally rare). In addition, significant attentional modulations, occurred mostly for 527

stimulus angles between 180◦ and 330◦ (in the spatially separate paradigm) and 90◦ and 528

270◦ (in the transparent paradigm). These observations on stimulus-specific effects are 529

compatible with the previous observation based on the direct feature extraction method, 530

in that, for the transparent paradigm, both peaks are positively enhanced, while, for the 531

spatially separate paradigm, only the attended peak is boosted, but the unattended one 532

tends to be depressed. In this way the analysis of specific effects can shed light on the 533

cell-level genesis of global shape changes of the average tuning curves. The trial 534

ensemble comparison analyses presented in this section manifest how significant gain 535

modulations at the level of a cell population may arise from the contribution of specific 536

effects which are only rarely significant at the single cell level. 537

Discussion 538

We showed that the commonly used approach to analyze tuning curve by fitting an 539

idealized model function to the trial-averaged data may be more problematic than 540

usually thought. Indeed, when adopting a model-based approach, there is a clear danger 541

to reach model-specific conclusions (cf. [9]), which would not be confirmed by selecting 542

different, equally viable models and which may be spurious. Here, going beyond model 543

fitting and remaining within a purely data-driven framework, we extracted information 544

about tuning and its modulations directly from the measured data points, through the 545

application of rules for the extraction of suitable features. The high flexibility in feature 546

design provided an antidote against over-constrained angles of view, which may be 547

inherited by the adoption of narrow models. 548

Previous works already explored possible improvements on conventional 549

least-squares fitting when dealing with noisy tuning curve data [4, 5] and a wide 550

alternative of possible functional models to fit, not only Gaussians [1–4], but also 551

typical circular statistics distributions [9, 10], as well as Fourier series [6, 9]. Even the 552

most sophisticated techniques, however, are not immune to the drawbacks inherent to 553

any procedure assuming a common underlying statistical model. On the contrary, as 554

already pointed out long ago [8] and further confirmed by our analyses, the “best model” 555

may vary from cell to cell, making the problem of its selection conceptually ill-posed. 556

Yet, fitting still remains a practical tool to inspect tuning behavior in data, 557

abstracting, at least as a first step, from the variety of tuning curve shapes present in 558

any dataset. Although the tested models all give rise to bell-shaped tuning profiles, they 559

differ in the geometry of the bells’ flanks and these differences might be relevant for fine 560

stimulus discrimination [16,29]. Therefore, whenever fitting is used, one should carefully 561

explore the entire set of candidate models, rather than of a single model, as a defense 562

against excessive model bias. Results from our direct method itself could be included as 563

well in the tested mix of analyses. A common set of features could then be extracted 564

through a set of shared operational rules to systematically identify patterns of (or lack 565
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Figure 8. Effects of adding a second stimulus or attention to the receptive
field. A) Each dot in this cartoon (not based on measured data) represents the
observed spike count in one trial. For a given stimulus, spike count distributions can
differ between experimental conditions either significantly (e. g. at 60◦) or not (e. g. at
240◦). B) Distribution of the proportion of cells with a significant difference between
conditions for a given number of stimuli (maximum 12). The green histograms represent
the two conditions where a second stimulus was added and pink histograms the
conditions where attention was switched. C-F) Histograms show the
stimulus-dependent fraction of cells with a non-significant response modulation (blue), a
significant response enhancement (green) or response suppression (pink). The dotted
and orange arrows along the x-axes in E and F indicate the RDP direction not present
in the uni condition and the attended RDP in ain condition, respectively. Across the
population a second stimulus tended to increase firing rates around 120◦(C,D) and to
decrease them around 240◦. Attention asymmetrically affected the left and right peak in
the spatially separated paradigm (E) whereas it symmetrically increased both peaks for
the transparent paradigm (F). These stimulus-specific changes were compatible with the
results of the direct method discussed in the text.
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of) consistency between the diverse considered approaches. Comparisons between 566

experimental conditions which are found to be significant only for a narrow subset of 567

methods should then be looked at with suspicion, and confirmed by additional 568

independent verifications. 569

The novelty of our data-driven approach is, however, more substantial than just 570

providing yet another “model-less model”. First, if the correct model function cannot be 571

certified with certainty, much of the seemingly high precision achieved by model-based 572

interpolation may be just an illusion. Looking at the data in an agnostic and democratic 573

manner, our data-driven methods could assess the statistical significance of attentional 574

effects, strongly localized in both stimulus- and neuronal spaces. In particular they 575

highlighted that only about 40 %-50 % of cells—similar to some previous reports of 576

object-based attention in V1 [30,31]—were significantly modulated attention, among 577

them some virtually unresponsive cells which would often be discarded in conventional 578

model-based studies. It remains an open question whether these specific effects are an 579

artifact due to the limited availability of information (too sparse sampling of stimuli, 580

limited number of available trials, etc.) or if they can be related to the fine-scale 581

synaptic structure of top-down inputs. Indeed, at the local circuit level there is evidence 582

for an extreme functional specificity of wiring [32,33] and the frontal eye field, one of 583

the assumed source areas of attention [34], might provide not more than a couple of 584

synapses to excitatory (but not inhibitory) neurons in V4 [35]. In addition, models have 585

shown that random and sparse recurrent network architectures are compatible with 586

highly heterogeneous tuning curves [36,37]. In the context of the present study, it is 587

enough to stress that such fine-grained specific attentional effects would remain hidden 588

to any approach based on the fitting of a stereotyped smooth model to cell responses. 589

Adopting a model-free characterization of neuronal responses may thus well be necessary 590

to relate advances in connectomics with cell-level modulations of functional activation. 591

Another potential application in which data-driven approaches could prove to be 592

qualitatively superior to model-based approaches is the study of how attention affects 593

complex population codes [38] of tuned responses. Indeed, by comparing trial ensembles 594

of dozens of simultaneously recorded neurons previous studies already suggested that 595

noise correlations were essential for the attentional performance enhancements [39] and 596

that feature attention is coordinated across hemispheres whereas spatial attention 597

correlates only local groups of neurons [40]. We, on the other hand, had only single cell 598

recordings available, but they revealed a high degree of heterogeneity in tuning which 599

may be functional, not merely reflecting noise, but carrying relevant 600

information [26–29,41–43]. In particular, such single-cell “weird” modulations may 601

build up in a coordinated manner to give rise to population-level representations of the 602

attended stimulus with a higher quality of encoding or with better and faster 603

decodability properties [44,45]. Until now only very few studies have addressed the 604

recording of the tuned response of many cells simultaneously [39,40, 46, 47] but the fast 605

pace of growth of the number of simultaneously recorded neurons [48] will certainly call 606

for more detailed characterizations of tuned responses, such as the ones that our 607

methods begin to provide. 608

Conventional model fitting methodology is restricted to the analysis of a model’s 609

parameters thereby potentially overlooking some features of the tuning with high 610

discriminatory power. We have circumvented this problem in that we analyzed a set of 611

features describing a wider range of aspects of the data. In the extreme case one could 612

set up an all-encompassing feature library and programmatically mine for the most 613

relevant ones. A possible drawback of massive feature libraries may be the feature 614

selection analogue of over-fitting, i.e. the inevitability that some statistical comparison 615

will appear to be spuriously significant just in virtue of multiple comparison issues. 616

However, even this “data dredging” [49] is legitimate when used as an explorative 617
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technique for the generation of hypotheses to be verified by further studies on 618

independently acquired data-sets. As a matter of fact, with twenty-first-century 619

neuroscience entering an age of “big data” and large-scale cooperation [50], feature 620

selection [24], in which features with optimized classification relevance are engineered in 621

a (semi-)unsupervised manner, will increasingly become a method of choice for 622

machine-augmented data-set parsing and knowledge discovery. 623

To conclude, although we are still far from understanding the intricate circuit 624

mechanism through which attention influences information representation, routing and 625

processing in the brain, we hope that our general methodology will assist the 626

interpretation and inspire the design of future experiments necessary to advance this 627

research endeavor. 628

Methods 629

Experimental procedures 630

All animal procedures of this study have been approved by the responsible regional 631

government office (Niedersächsisches Landesamt für Verbraucherschutz und 632

Lebensmittelsicherheit (LAVES)) under the permit numbers 33.42502/08-07.02 and 633

33.14.42502-04-064/07. 634

The animals were group-housed with other macaque monkeys in facilities of the 635

German Primate Center in Goettingen, Germany in accordance with all applicable 636

German and European regulations. The facility provides the animals with an enriched 637

environment (incl. a multitude of toys and wooden structures), natural as well as 638

artificial light, exceeding the size requirements of the European regulations, including 639

access to outdoor space. 640

All invasive procedures were done under appropriate anesthesia and with 641

appropriate analgesics. The German Primate Center has several veterinarians on staff 642

that regularly monitor and examine the animals and consult on any procedures. 643

During the study the animals had unrestricted access to food and fluid, except on 644

the days where data were collected or the animal was trained on the behavioral 645

paradigm. On these days the animals were allowed unlimited access to fluid through 646

their performance in the behavioral paradigm. Here the animals received fluid rewards 647

for every correctly performed trial. Throughout the study the animals’ psychological 648

and medical welfare was monitored by the veterinarians, the animal facility staff and 649

the lab’s scientists, all specialized on working with non-human primates. 650

Three out of four animals were used in follow-up studies. One animal was 651

euthanized at the end of the study. The decision was made in consultation with the 652

attending veterinarian. Euthanasia was performed using an anaesthetic overdose 653

(Sodium-Pentobarbital (i.v.)). 654

Single-unit action potentials were recorded extracellularly from extrastriate cortical 655

area MT of four male rhesus monkeys (Macaca mulatta), using two sets of covert 656

attention tasks. Two of the animals were performing the “spatially separated” 657

paradigm, the other two the “transparent” paradigm. For the duration of every trial the 658

monkeys were required to maintain their gaze on a fixation point in the middle of a 659

computer monitor, placed at a viewing distance of 57 cm. While the animal maintained 660

fixation, either one or two moving RDPs appeared in apertures in the receptive field 661

(RF) of a given cell, as well as in the opposite hemifield outside the RF. In case of two 662

RDPs the direction of the RDP in aperture 2 was always shifted clockwise from the 663

direction of the other RDP by 120◦. The direction of motion of the RDPs were varied in 664

steps of 30◦ to obtain a tuning curve. The angular difference of 120◦ was selected as 665

bi-directional tuning curves are expected to have two peaks in this case [16]. In the 666
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transparent paradigm the two RDPs were fully overlapping, crating just one aperture, 667

covering most of the RF whereas in the spatially separate paradigm the two apertures 668

were smaller and non-overlapping, but both still fully contained in the RF. 669

In the transparent condition there always existed just one aperture resulting in a 670

single “uni” response profile. In the spatially separate paradigm, on the other hand, 671

presenting the stimulus in either one of the two apertures gave rise to different 672

responses, “uni1” and “uni2”, where the latter refers to the condition in which the 673

stimulus appeared in the to-be-attended aperture (in the ain condition). If not noted 674

otherwise, we always analyzed the “uni2” condition in the data from the spatially 675

separate paradigm, and for simplicity also refer to it as just “uni”. 676

For the spatially separate unidirectional attend-fix condition (Fig. 1E) the monkeys 677

were instructed to direct attention to the fixation spot, after a delay one RDP appeared 678

in one of the two non-overlapping apertures and the monkey needed to detect a change 679

of color of the fixation spot in order to receive a liquid reward. The spatially separate 680

attend-fix condition (Fig. 1A) was similar, but RDPs were presented in both of the 681

apertures. In the spatially separated attend-in condition (Fig. 1B) a RDP in one of the 682

apertures was presented as a cue (of 500 or 600 msec duration), indicating to the 683

monkey the location and the motion direction of a stimulus to be attended in the course 684

of the trial. After a delay (800 ms) RDPs appeared in both apertures, and the monkey 685

had to detect a transient change of motion velocity in the cued aperture at a random 686

time point till maximally 2.5 s after the stimulus onset while ignoring possible changes 687

in the other (distracting) RDPs. 688

The transparent attend-fix (Fig. 1C) and transparent attend-in (Fig. 1D) differed 689

from the corresponding spatially separate conditions only in that the two apertures in 690

which the RDPs were presented overlapped. 691

We generally analyzed data from the response period, which was defined as the time 692

window 200-700 msec after onset of the stimulus in the RF. However, as no distinct 693

unidirectional condition was recorded for the transparent paradigm, we used the cue 694

period of the attend-in condition (50-500 msec after the cue onset) as a proxy for the 695

uni condition in this case. That means that in the transparent uni condition attention 696

was directed to the stimulus, whereas in the spatially separate uni condition attention 697

was directed to the fixation spot. Accordingly, the uni conditions cannot be directly 698

compared between the two paradigms. 699

We had 109 and 146 cells in the spatially separate and transparent paradigm, 700

respectively. Uni conditions were recorded for 85 out of the 109 cells in the spatially 701

separate paradigm. In 3 cells of the transparent paradigm the afix rates were not 702

recorded and, therefore, our analysis disregarded the afix condition of those cells. 703

Tuning data pre-processing 704

Data analysis was performed using custom-written software in Python (available on 705

request). We did not perform spike-density estimation, but all analyses of tuning 706

responses were based on raw firing rates, either averaged over trials (for model fitting 707

and data-driven feature extraction) or estimated within each trial independently (for 708

trial ensemble comparisons). Cells were included in the analysis only if at least two 709

trials were available for every recorded condition. For some cells of the spatially 710

separated paradigm no uni conditions were recorded. These cells were generally 711

included in the analysis and exempted only in calculations concerning the uni condition. 712

All tuning curves were conventionally aligned, such that the maximum firing rate of 713

the uni condition corresponded to the angular coordinate 240◦. Whenever uni 714

conditions had not been recorded (this was the case for some cells of the spatially 715

separated paradigm) the angular position of the maximum firing rate of the right peak 716

in the afix condition was defined to be 240◦. 717

25/35

.CC-BY-NC-ND 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted September 12, 2015. ; https://doi.org/10.1101/026682doi: bioRxiv preprint 

https://doi.org/10.1101/026682
http://creativecommons.org/licenses/by-nc-nd/4.0/


Fitted models 718

To analyse tuning curves we fitted several model functions to the trial-averaged firing 719

response data. Each fit to each specific cell was fully determined by the chosen 720

parametric model and by a vector ~p of model parameters. The wrapped Gaussian (wG) 721

was given by: 722

wG(θ, ~p) = a
N∑

i=−N
exp

(
−1

2

(
θ − c+ 360i

b

)2
)

+ d

where ~p = (a, b, c, d). We always assumed N = 4 for wrapping. 723

The wrapped Cauchy (wC) function was given by: 724

wC(θ, ~p) = a
sinh(b)

cosh(b)− cos(Ω(θ − c))
+ d

where ~p = (a, b, c, d) and Ω = 2π/360. 725

The (modified) von Mises function (vM) was given by: 726

vM(θ, ~p) = a
(

ek cos( 2π
360 (θ−c)) − e−k

)
/(ek − e−k) + d

where ~p = (a, k, c, d). 727

The symmetric Beta function (sβ) was given by: 728

sβ(θ, ~p) = a(4x(1− x))b + d

where x = (2π/360(θ − c) + π)/(2π) mod 1 and ~p = (a, b, c, d). 729

The wrapped generalized bell-shaped membership function (wB) was given by 730

wB(θ, ~p) = a

(
N∑

i=−N

1

1 +
∣∣ θ−c+360i

b

∣∣2s − β
)
/(α− β) + d

where α =
∑N
i=−N 1/

(
1 +

∣∣ 360i
b

∣∣2s), β =
∑N
i=−N 1/

(
1 +

∣∣ 180+360i
b

∣∣2s), 731

~p = (a, b, c, d, s). We always assumed N = 4 for wrapping. 732

All these functions are illustrated in Fig. 3A. In their basic form, they give rise to 733

unimodal tuning profiles, as in the uni condition. To fit bimodal responses to composite 734

stimuli, in the afix and ain conditions, we used a sum of two (identical) model functions, 735

i.e.: 736

f(θ, ~p) = g(θ, ~p1) + g(θ, ~p2)

where g is either one of wG,wC, sβ,wB and the total parameter vector is ~p = (~p1, ~p2). 737

There was some redundancy between the parameter sets for the two peaks. For the first 738

four functions p1 = (a1, b1, c1, d/2) and p2 = (a2, bc, c2, d/2), while, for the wB model, 739

both ~p1 and ~p2 contained an additional component, s1 and s2, respectively. Hence, f 740

had overall seven (wG,wC, vM, sβ) or nine (wB) free parameters. 741

In addition we also fitted Fourier series of order n = 2, 3, 4, given by: 742

Fn(θ, ~p) = a0 +
n∑
i=1

(ai cos(Ωθ) + bi sin(Ωθ))

where Ω = 2π/360 and ~p = (a0, a1, b1, . . . , an, bn). These Fourier series were fully 743

determined by five, seven or nine parameters respectively, depending on their order 744

n = 2, 3, 4. Fourier fits of unimodal or bimodal tuning curves shared a common 745

functional form. 746
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Fitting methods 747

We used standard weighted non-linear least square fitting, relying on routines within 748

Python’s SciPy package (http://www.scipy.org, sequential quadratic programming) 749

for the minimization of the χ2 statistics. The applied initial conditions and boundaries 750

therefore are listed in Supporting Table S10. An exception was given by Fourier series. 751

Let pi be the ith component of the Fourier series’ parameter vector 752

~p = (a0, a1, b1, . . . , an, bn) and Xi(θ) be the ith compoment of 753

(1, cos(Ωθ), sin(Ωθ), . . . , cos(nΩθ), sin(nΩθ)). Then, an exact analytical solution to the 754

least squares problem exists, which can be straightforwardly derived to be: 755

~p =
2n+1∑
m=1

(
~U(m) ·~b
wm

)
~V(m)

where ~b has components bi = yi/σi, ~U(m), ~V(m) denote the mth column of U and V , 756

respectively. The matrices U, V and wm form the singular value composition of matrix 757

A, s.t. A = Udiag(w1, . . . , w2n+1)V T . The matrix A, in turn, has components 758

Aim = Xm(θi)/σi. 759

To quantify goodness-of-fit we also used a standard framework, as laid out in [20]. 760

We assume that measurement errors in yi are normally distributed. For model functions 761

that are linear in their parameters —note, that in our library of models, this 762

assumption holds only for the Fourier series Fn—, the null hypothesis probability that 763

the sum of squared errors is equal or larger than the observed χ2 is given by 764

Q(K − (2n+ 1)/2, χ2/2) where Q(a, x) =
∞∫
x

e−tta−1dt/Γ(a) is the incomplete gamma 765

function and K is the number of independent samples (here, K = 12 tested stimulus 766

directions). We use this quantity Q as measure for goodness of fit. If the probability Q 767

is ≤ 10% we term the quality of the fit “bad”, otherwise we cannot rule out the 768

hypothesis that the fit is an appropriate statistical models for our observations. For 769

general non-linear models—for which the sum of squared errors cannot be expected to 770

follow a conventional χ2 distribution—we evaluated approximately the goodness-of-fit Q 771

statistics through a Montecarlo resampling approach (10000 replicas, cf. [20] for details). 772

Model selection 773

We performed model selection based on the Akaike information criterion (AIC) [22,51]. 774

The information-theoretic quantity AIC gives the expected increase in uncertainty when 775

using a certain model to describe the data rather than the “true” model. It can be 776

computed from the sum of squared errors in the least-squares procedure according to 777

AIC = K log

(
K∑
i=1

(yi − f(θi, ~p))
2
/K

)
+ 2M

where K = 12 is once again the number of independent samples and M is the number of 778

free parameters of the model function. Importantly, this formula is only valid in the 779

limit of large K. Some studies [22, 51] therefore recommend to use a correction factor in 780

the case in which K/M / 40. This corrected Akaike information criterion reads: 781

AICc = AIC +
2M(M + 1)

K −M − 1

Such AICc converges to AIC for large K and mainly differs for it by applying a stronger 782

penalty to models with larger number of free parameters. 783
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Features 784

Given a tuning curve tc(θ)—either as a discretized version of a fitted tuning profile, or 785

directly by the vector of empirically observed average responses to stimuli with different 786

directions—we characterized its shape in a non-parametric manner by calculating 787

general features. A feature F is any map of the graph of the tuning curve tc(θ) onto 788

some scalar number F : tc 7→ R. Examples of features are the maximum of the tuning 789

curve or the preferred direction (see Fig. 4 for an illustration). The complete list of 790

features that we used is given in Supporting Tables S1-S4. Although we did not perform 791

any feature clustering or redundancy elimination through e.g. factor analysis, willing in 792

reality to maintain a library of features as wide as possible, we verified that most of the 793

features bear complementary information, as hinted to by a sample distribution of 794

pairwise correlations between feature values strongly peaked around zero (not shown). 795

Angular features were measured in degrees, ranging from 0◦ to 360◦ (with the 796

exception of the feature GlobalMinimumAngle, for which we used the range 797

−120◦ ≤ GlobalMinimumAngle ≤ 240◦) and coarsely quantized at just K = 12 798

equally spaced angular values. For each feature measured in units of Hz we also 799

computed a normalized counterpart, denoted with the prefix normalized, by dividing 800

the feature value by the global maximum firing rate found in the uni condition of the 801

cell (if available). 802

We run statistical tests between feature pairs to search for effects of changes of 803

experimental condition (transparent vs spatially separated, afix vs ain, etc.). For each 804

of the two compared conditions we evaluated the values of the tested feature for each 805

cell. We then performed two-way Kruskal-Wallis testing and dubbed a comparison as 806

significant, whenever the p-value of this Kruskal-Wallis test was smaller than 0.05. All 807

found significantly different feature pairs are listed in Supporting Tables S8 and S9, an 808

excerpt in Table 2. The feature pairs reported herein are also the ones used in the 809

systematic counting of significant comparisons reported in Figs. 5 and 6. 810

Violin plots 811

Violin plots were calculated using Gaussian kernel density estimations with Scott’s rule 812

(as implemented by www.scipy.org ; [52]) for bandwidth estimation. Highlighted 813

horizontal lines within the violin-shaped plot elements denote 2.5 %, 50 % and 97.5 % 814

quantiles. 815

Trial ensemble comparison 816

Beyond feature extraction we also compared directly vectors of firing rates measured 817

across different trials for a same common cell and a same common stimulus. We then 818

compared firing rate ensembles over trials for matching stimulus directions and cells 819

across different experimental conditions, by means of a between-sample two-way 820

Kolmogorov-Smirnov test. As for pairwise feature comparisons, we deemed a 821

comparison between firing rate trial ensembles to be significant, whenever the p-value of 822

this Kolmogorov-Smirnov test was smaller than 0.05. We call specific effects such 823

stimulus- and cell-dependent effects of a significant change in condition revealed by trial 824

ensemble comparison. 825
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Supporting Information 826

S1 Fig 827

The threshold value for Q above which to accept a fit is not critical. Even 828

for Qthr > 0.7 more than 80 % of all cells lie above this threshold indicating a good fit. 829

S2 Fig 830

Model selection. A) Layout as in Fig. 3C, but showing ∆AICc instead of ∆AIC. 831

Also for this criterion, none of the models is always selected, although for afix and ain 832

conditions second order Fourier (F2) clearly performs best. B,C) Violinplots 833

illustrating the distributions of ∆AIC (B) and ∆AICc (C). 834

S3 Fig 835

Cells not signficantly modulated by the addition of a second stimulus 836

tended to be badly tuned but not vice versa whereas attentional 837

modulation was unrelated to tuning. We compared trial ensembles for a given 838

stimulus between conditions. Dots mark tuning properties of cells with at least one 839

(blue) and zero (red, brown) significantly different stimuli between A,B) uni and afix 840

condition, and C,D) afix and ain condition. Red dots mark cells without any significant 841

change in both comparisons. These cells (A,B) tended to be badly tuned, but there 842

were also equally badly tuned cells sensitive to this manipulation. Directing attention to 843

the receptive field (C,D) had no clear relation to tuning properties. 844

S4 Fig 845

Analysis of the statistical power for specific effects. A) For each cell (x-axis) 846

and stimulus (y-axis) colors indicate if there was a significant difference between the 847

trials of the conditions marked in the title of each subplot. Colors are as in Fig. 8. B) 848

We determined the impact of the number of trials available for our various conditions on 849

the number of cells exhibiting significant changes between conditions. The plot shows 850

how the number of cells exhibiting significant changes between conditions varied as a 851

function of the number of trials included in the analysis (using the smaller of the two 852

ensemble sizes for the x-value). The fraction of significant changes for all the tested 853

condition changes showed a clear trend to increase with the number of included trials, 854

possibly saturating when the number of trials reached about 8. Error bars denote 855

standard-error of the mean. Note that points are only shown in this plot when we had a 856

minimum of 10 samples, on average we had between 170 and 250 samples (depending on 857

condition). 858

S1 Table 859

List of features defined for all tuning curves. Each feature is calculated once for 860

uni, once for afix and once for ain condition. 861

S2 Table 862

List of features defined only for uni condition. Each feature is calculated only 863

for uni condition. 864
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S3 Table 865

List of features defined only for afix and ain condition. Each features is 866

calcualted once for afix and once for ain condition. 867

S4 Table 868

List of additional features comparing two conditions. Conditions A,B can be 869

either of uni, afix, ain. 870

S5 Table 871

Feature pair categories. The features in each row were compaired against each other 872

within one condition (uni, afic or ain) and for all conditions they are defined. 873

S6 Table 874

Spatially separated paradigm’s statistics for all features. Table lists cell count, 875

mean, standard deviation, minimum, 25 % quantile, median, 75 % quantle and 876

maximum for all features when evaluated with the direct method (values from best 877

model in parentheses). 878

S7 Table 879

Transparent paradigm’s statistics for all features. Table lists cell count, mean, 880

standard deviation, minimum, 25 % quantile, median, 75 % quantle and maximum for all 881

features when evaluated with the direct method (values from best model in parentheses). 882

S8 Table 883

Significantly different feature pairs based on the direct method. List of all 884

significantly different feature pairs when evaluated with the direct method, as well as the 885

corresponding p-value of the Kruskal-Wallis test, and medians, means and cell counts. 886

S9 Table 887

Significantly different feature pairs based on the best model. List of all 888

significantly different feature pairs when evaluated with the best model “bM”, as well as 889

the corresponding p-value of the Kruskal-Wallis test, and medians, means and cell 890

counts. 891

S10 Table 892

Initial conditions and bounds for least-squares-fits. Model functions and their 893

parameters are described in Methods subsection “Model functions”, number before 894

model indicates if the model pertained to data from the one or two stimulus conditions. 895

u = mini yi + 1.2 ptpi yi where ptpi yi = maxi yi −mini yi and {yi} is the set of all 896

firing rates in the tuning curve. The values of 10.74, 2.41 and 100 for the 897

width-parameter k of the sβ model correspond to a half-width-at-half-maximum of 45◦, 898

90◦and 15◦. Likewise the values of k = 2.3, 0 and 20.34 for the vM model correspond to 899

45◦, 90◦and 15◦; As k = 0 would make the denominator in the definition of vM zero it 900

was replaced by 0.001. 901
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Functional specificity of local synaptic connections in neocortical networks.
Nature. 2011 May;473(7345):87–91. Available from: http:
//www.nature.com/nature/journal/v473/n7345/abs/nature09880.html.

33. DeBello WM, McBride TJ, Nichols GS, Pannoni KE, Sanculi D, Totten DJ.
Input clustering and the microscale structure of local circuits. Frontiers in Neural
Circuits. 2014;8:112. Available from: http:
//journal.frontiersin.org/journal/10.3389/fncir.2014.00112/full.

34. Moore T. The neurobiology of visual attention: finding sources. Current Opinion
in Neurobiology. 2006 Apr;16(2):159–165. Available from:
http://www.sciencedirect.com/science/article/pii/S0959438806000341.

35. Anderson JC, Kennedy H, Martin KAC. Pathways of Attention: Synaptic
Relationships of Frontal Eye Field to V4, Lateral Intraparietal Cortex, and Area
46 in Macaque Monkey. The Journal of Neuroscience. 2011
Jul;31(30):10872–10881. Available from:
http://www.jneurosci.org/content/31/30/10872.

36. Battaglia D, Hansel D. Synchronous Chaos and Broad Band Gamma Rhythm in
a Minimal Multi-Layer Model of Primary Visual Cortex. PLoS Comput Biol.
2011 Oct;7(10):e1002176. Available from:
http://dx.doi.org/10.1371/journal.pcbi.1002176.

37. Hansel D, Vreeswijk Cv. The Mechanism of Orientation Selectivity in Primary
Visual Cortex without a Functional Map. The Journal of Neuroscience. 2012
Mar;32(12):4049–4064. Available from:
http://www.jneurosci.org/content/32/12/4049.

38. Saproo S, Serences JT. Spatial Attention Improves the Quality of Population
Codes in Human Visual Cortex. Journal of Neurophysiology. 2010
Aug;104(2):885–895. Available from:
http://jn.physiology.org/content/104/2/885.

33/35

.CC-BY-NC-ND 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted September 12, 2015. ; https://doi.org/10.1101/026682doi: bioRxiv preprint 

http://www.nature.com/neuro/journal/v13/n10/full/nn.2630.html
http://www.nature.com/nrn/journal/v12/n7/abs/nrn3061.html
http://dx.doi.org/10.1371/journal.pbio.0040092
http://www.nature.com/neuro/journal/v7/n9/abs/nn1304.html
http://cercor.oxfordjournals.org/content/19/3/543
http://www.nature.com/nature/journal/v473/n7345/abs/nature09880.html
http://www.nature.com/nature/journal/v473/n7345/abs/nature09880.html
http://journal.frontiersin.org/journal/10.3389/fncir.2014.00112/full
http://journal.frontiersin.org/journal/10.3389/fncir.2014.00112/full
http://www.sciencedirect.com/science/article/pii/S0959438806000341
http://www.jneurosci.org/content/31/30/10872
http://dx.doi.org/10.1371/journal.pcbi.1002176
http://www.jneurosci.org/content/32/12/4049
http://jn.physiology.org/content/104/2/885
https://doi.org/10.1101/026682
http://creativecommons.org/licenses/by-nc-nd/4.0/


39. Cohen MR, Maunsell JHR. Attention improves performance primarily by
reducing interneuronal correlations. Nature Neuroscience. 2009
Dec;12(12):1594–1600. Available from:
http://www.nature.com/neuro/journal/v12/n12/abs/nn.2439.html.

40. Cohen M, Maunsell JR. Using Neuronal Populations to Study the Mechanisms
Underlying Spatial and Feature Attention. Neuron. 2011 Jun;70(6):1192–1204.
Available from:
http://www.sciencedirect.com/science/article/pii/S089662731100434X.

41. Pouget A, Deneve S, Ducom JC, Latham PE. Narrow Versus Wide Tuning
Curves: What’s Best for a Population Code? Neural Computation. 1999
Jan;11(1):85–90. Available from:
http://dx.doi.org/10.1162/089976699300016818.

42. Seriès P, Latham PE, Pouget A. Tuning curve sharpening for orientation
selectivity: coding efficiency and the impact of correlations. Nature Neuroscience.
2004 Oct;7(10):1129–1135. Available from:
http://www.nature.com/neuro/journal/v7/n10/abs/nn1321.html.

43. Averbeck BB, Latham PE, Pouget A. Neural correlations, population coding and
computation. Nature Reviews Neuroscience. 2006 May;7(5):358–366. Available
from: http://www.nature.com/nrn/journal/v7/n5/full/nrn1888.html.
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45. Tkačik G, Marre O, Amodei D, Schneidman E, Bialek W, Berry MJ II. Searching
for Collective Behavior in a Large Network of Sensory Neurons. PLoS Comput
Biol. 2014 Jan;10(1):e1003408. Available from:
http://dx.doi.org/10.1371/journal.pcbi.1003408.

46. Maynard EM, Hatsopoulos NG, Ojakangas CL, Acuna BD, Sanes JN, Normann
RA, et al. Neuronal Interactions Improve Cortical Population Coding of
Movement Direction. The Journal of Neuroscience. 1999 Sep;19(18):8083–8093.
Available from: http://www.jneurosci.org/content/19/18/8083.

47. Stevenson IH, London BM, Oby ER, Sachs NA, Reimer J, Englitz B, et al.
Functional Connectivity and Tuning Curves in Populations of Simultaneously
Recorded Neurons. PLoS Comput Biol. 2012 Nov;8(11):e1002775. Available from:
http://dx.doi.org/10.1371/journal.pcbi.1002775.

48. Stevenson IH, Kording KP. How advances in neural recording affect data analysis.
Nature Neuroscience. 2011 Feb;14(2):139–142. Available from:
http://www.nature.com/neuro/journal/v14/n2/abs/nn.2731.html.

49. Smith GD, Ebrahim S. Data dredging, bias, or confounding. BMJ : British
Medical Journal. 2002 Dec;325(7378):1437–1438. Available from:
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1124898/.

50. Sejnowski TJ, Churchland PS, Movshon JA. Putting big data to good use in
neuroscience. Nature Neuroscience. 2014 Nov;17(11):1440–1441. Available from:
http://www.nature.com/neuro/journal/v17/n11/abs/nn.3839.html.

34/35

.CC-BY-NC-ND 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted September 12, 2015. ; https://doi.org/10.1101/026682doi: bioRxiv preprint 

http://www.nature.com/neuro/journal/v12/n12/abs/nn.2439.html
http://www.sciencedirect.com/science/article/pii/S089662731100434X
http://dx.doi.org/10.1162/089976699300016818
http://www.nature.com/neuro/journal/v7/n10/abs/nn1321.html
http://www.nature.com/nrn/journal/v7/n5/full/nrn1888.html
http://www.pnas.org/content/107/32/14419
http://dx.doi.org/10.1371/journal.pcbi.1003408
http://www.jneurosci.org/content/19/18/8083
http://dx.doi.org/10.1371/journal.pcbi.1002775
http://www.nature.com/neuro/journal/v14/n2/abs/nn.2731.html
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1124898/
http://www.nature.com/neuro/journal/v17/n11/abs/nn.3839.html
https://doi.org/10.1101/026682
http://creativecommons.org/licenses/by-nc-nd/4.0/


51. Burnham KP, Anderson DR. Multimodel Inference: Understanding AIC and BIC
in Model Selection. Sociological Methods & Research. 2004 Nov;33(2):261–304.
Available from:
http://smr.sagepub.com/cgi/doi/10.1177/0049124104268644.

52. Scott DW. Multivariate Density Estimation: Theory, Practice, and Visualization.
Chicester: John Wiley & Sons; 1992.

35/35

.CC-BY-NC-ND 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted September 12, 2015. ; https://doi.org/10.1101/026682doi: bioRxiv preprint 

http://smr.sagepub.com/cgi/doi/10.1177/0049124104268644
https://doi.org/10.1101/026682
http://creativecommons.org/licenses/by-nc-nd/4.0/

